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ORIGINAL ARTICLE 
 

 

Exploiting graph neural network with one-shot learning for fault diagnosis of 

rotating machinery 
 
Shuai Yang 1* • Xu Chen 1,2 • Yun Bai 2 • Ziqiang Pu 3 

 
 
 
 
 
Abstract: Due to lack of training samples, overfitting is a severe 

problem in fault diagnosis for mechanical devices, especially for 

rotating machinery. In this paper, a graph neural network (GNN) 

method with one-shot learning is proposed for fault diagnosis of 

rotating machinery. Convolutional Neural Network (CNN) is 

applied to extract the feature vectors and generate codes for 

one-shot learning. With adjacency matrix in GNN, the proposed 

method can achieve fault classification for rotating machinery 

with small dataset. Rotate vector (RV) reducer of the industrial 

robot and bearing of the rotating shaft were chosen as 

experimental subjects. Experimental results show the high 

accuracy of classification in both experiments with the proposed 

method. To further verify the efficiency of this method, Siamese 

Net, Matching Net and SAE+RF were chosen as the comparisons. 

The results indicate the proposed method outperforms all the 

selected methods for fault classification in both rotating 

machineries. 

Keywords: Rotating machinery, deep learning, fault diagnosis, 

graph neural network, one-shot learning 

 

1 Introduction 

 

Due to the harsh working environment, the failure of 

rotating machinery is inevitable, which leads to financial 

losses or even casualties [1, 2]. Therefore, the early fault 

detection and diagnosis of rotating machinery are key 

strategy to prevent these catastrophic results [3]. 

  Aiming at the problem of fault diagnosis of rotating 

machinery, scholars have proposed a large number of deep 
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learning feature extraction methods, which greatly 

promoted the development of mechanical fault diagnosis. 

As a typical method of deep learning, CNN has made great 

progress in the fields of image classification, target 

detection and image semantic segmentation in recent years 

[4, 8]. Chen et al. [9] fused the horizontal and vertical 

vibration data into a two-dimensional matrix and proposed 

a deep CNN to identify the health status of the gearbox. By 

considering the characteristics of industrial signals, Yang et 

al. [10] converted multi-source vibration signals into a 

two-dimensional matrix and proposed a CNN-based fault 

diagnosis method for reciprocating compressors. Zhao et al. 

[11] monitored and diagnosed tool wear through the 

combination of CNN and long short term memory (LSTM). 

Through the above method, a better fault diagnosis result 

was finally obtained. Wang et al. [12] proposed a 

conversion method to convert vibration signals from 

multiple sensors to images. This method can obtain feature 

maps of different fault types 2without tedious parameter 

adjustments. 

In recent years, as a popular research direction of 

artificial intelligence. GAN has been wildly adopted for 

mechanical fault diagnosis [13, 16]. Lee et al. applied 

GAN network to the fault detection of asynchronous 

motors to solve the problem of data imbalance caused by 

small amount of data [17]. Plakias et al. proposed a 

multi-dimensional problem single-class fault detection 

scheme based on unsupervised training of GAN [18]. 

Wang et al. [19] combined GAN with stack noise reduction 

automatic encoder to generate planetary gearbox fault data; 

Mao et al. [20] solved the problem of data imbalance in 

bearing fault diagnosis by combining GAN and stacked 

noise reduction automatic encoder. The results show that 

the fault samples generated by GAN can significantly 

improve the fault diagnosis accuracy in the case of data 

imbalance. 

As mentioned above, the fault diagnosis of mechanical 

system with CNN and GAN have archived great progress 



 

 

in last several decades [21]. However, for small data of 

rotating machinery, the network structure design for the 

characteristics of the signals is missing in both GAN and 

CNN. 

In this paper, a GNN with one-shot learning method is 

proposed to carry out mechanical fault classification. 

Experiments were carried out to verify the efficiency of the 

proposed method. Siamese Net [22], Matching Net [23] 

and SAE+RF [24] were chosen as the comparisons. 

The paper is structured as the follows. Section 2 

introduces the theoretical basis and the whole process of 

the proposed method. Section 3 evaluates the proposed 

approach for rotating machinery fault diagnosis with 

experiments. Section 4 provides results with a discussion 

on the case. Conclusions are drawn in Section 5. 

 

2 Methodology 

 

2.1 Short-Time Fourier Transform (STFT) 

For non-stationary signals, other than frequency-domain 

signals, the time domain signals also need to be analyzed. 

In this paper, the STFT is chosen for transforming 

one-dimensional data into two-dimensional [25, 26]. The 

specific principle of STFT is listed as the follows. 

1）Move the window to the starting point of the signal. At 

this time, the center position of the window function is at 

t=ℶ_0, the signal is windowed:      𝑦(𝑡) = 𝑥(𝑡) ∗ 𝑤(𝑡 − ℶ0)             (1) 

 

Where 𝑡 is the time translation parameter, 𝑥(𝑡) is the 

original signal. 𝑤(𝑡 − ℶ0) is the sequence of real window 

functions. The intercepted signal 𝑦(𝑡) can be obtained by 

multiplying the window function and the original signal. 

The intercepted signal 𝑦(𝑡) is the signal of execution time 

corresponding to 𝑡. 

2）By the Fourier transform, equation (1) can be rewritten 

as: 𝑋(𝜔) = ℱ(𝑥(𝑡)) = ∫ 𝑥(𝑡) ∗ 𝑤(𝑡 − ℶ0)𝑒−𝑗𝑤𝑡𝑑𝑡+∞∞    (2) 

 X(ω) is the spectral distribution of the first segmented 

sequence. In practical applications, since the signal is a 

sequence of discrete points, the spectral sequence X[𝑁] 

can be obtained. 

3） For the convenience of expression, the function S(ω, ℶ) is defined: 𝑆(𝜔, ℶ) =  ℱ(𝑥(𝑡) ∗ 𝑤(𝑡 − ℶ)) = ∫ 𝑥(𝑡) ∗ 𝑤(𝑡 −+∞∞               ℶ0)𝑒−𝑗𝑤𝑡𝑑𝑡                 (3) 

 

The function 𝑆(𝜔, ℶ) represents the spectral result 𝑋(𝜔) 

after transformation of the original function when the 

window function center is ℶ_0.  

4） the spectral energy relationship of time can be 

determined by: 𝛿𝑆𝑃(𝜔, ℶ) = ‖𝑆(𝜔, ℶ)‖2 = ‖∫ 𝑥(𝑡) ∗ 𝑤(𝑡 −+∞∞                ℶ0)𝑒−𝑗𝑤𝑡𝑑𝑡‖2
                (4) 

 

2.2 Using CNN to extract feature vectors 

CNN is a feedforward neural network with deep structure. 

There are three important concepts to know about the 

convolution process: local perception, parameter sharing 

and pooling. 

Let the input of convolutional neural network be the 

original image P. 𝐹𝑖  represents the convolution layer, so 

the generation process of 𝐹𝑖  can be described as: 

       𝐹𝑖 = 𝑓(𝐹𝑖−1 ⨂ 𝑊𝑖 + 𝑏𝑖 )            (5) 

 

Where 𝑊𝑖  represents the weight vector of the 

convolution kernel at layer ⅈ , 𝑏𝑖  represents the offset 

vector at layer ⅈ . ⨂ represents to use the convolution 

kernel to perform convolution operation on the feature map 

of layer ⅈ − 1. Finally, the feature map 𝐹𝑖  of the layer ⅈ 
is obtained through the nonlinear excitation function 𝑓. 

The pool layer usually follows the convolution layer and 

samples the feature map according to certain down 

sampling rules. Assuming 𝑆𝑖  is the pool layer, the 

operation of pool can be described as: 

         𝑆𝑖 = 𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔(𝑆𝑖−1)             (6) 

 

Where 𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔  is a downsampling function, 

including maximum pooling, average pooling, or random 

pooling. 

Feature extraction is being performed in every 𝐹𝑖 , 
where the convolutional layer obtains the main features 

through convolution operation and nonlinear activation 

function. In the paper, the vertices of the graph are 

represented as a [image-embedding, label] vector, which 

the image-embedding is the feature extracted by the image 

through a convolutional neural network. The convolutional 

layer and the pooling layer can extract image features and 

determine the parameters of the convolutional kernel 

through back propagation to obtain the final features, 

which is a rough process of CNN feature extraction [27, 

29]. 
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2.3 GNN learned with one-shot learning 

The key concept for small sample learning method is 

learning the relationship between training sets and query 

sets by itself. GNN is a graph model formed by nodes and 

edges [30]. It maps every image of the training data to a 

vertex on the graph. Through training, it obtains the 

adjacency matrix between the vertices in the graph and 

uses it to classify and infer. This method can effectively 

represent the complex relationship between data. Therefore, 

GNN is applied to one-shot learning to meet the 

requirements of processing structural information between 

data in the process of one-shot learning. 

In this paper, each node represents an image. The weight 

of each edge represents the relationship between the two 

images (distance or similarity) [31, 32]. Specific weight 

calculation process: 

 �̃�𝑖,𝑗(𝑘) = 𝜑�̃�(𝑥𝑖(𝑘), 𝑥𝑗(𝑘))=𝑀𝐿𝑃�̃�(𝑎𝑏𝑠(𝑥𝑖(𝑘) − 𝑥𝑗(𝑘)))   (7) 

 

Where 𝑥𝑘 is received as input of a GNN layer 𝐺𝑐(), 

where 𝜑 = 𝑀𝐿𝑃  is a symmetric function parametrized 

with e.g. a neural network. In this paper, a Multilayer 

Perceptron stacked is considered after the absolute 

difference between two vector nodes. 

As shown in Figure 1, among 𝜑�̃�() input the absolute 

difference between two nodes, which can be learned by 

nonlinear combination of the absolute differences between 

the features of two nodes. Using this architecture, the 

symmetric distance characteristic is satisfied by 

construction 𝜑�̃�(𝑎, 𝑏) = 𝜑�̃�(𝑏, 𝑎). It is easy to determine 

its own distance characteristic 𝜑�̃�(𝑎, 𝑎) = 0 and output 

the corresponding weight value.  

Figure 1 The connection matrix for node connections 

 

The transformations are applied to embedding through 

GNN. With a fully connected layer and Leakyrelu function, 

a new embedding can be generated. to produce a new 

embedding. The new embedding ensures that the sum of 

weights between each node and all other nodes is 1. After 

the adjacency matrix is obtained by the above method, the 

next layer network can be calculated by graph convolution 

neural network (GNN) to complete GNN transfer. The 

calculation process is as follows: 

 𝑥𝑙(𝑘+1) = 𝐺𝑐(𝑥(𝑘)) = 𝜌(∑ 𝐵𝑥(𝑘)𝐵𝜖𝐴 𝜃𝐵,𝑙(𝑘)), 𝑙𝑑1 … 𝑑𝑘+1 , (8) 

 

Where 𝑥𝑙(𝑘+1)
 represents the node of the 𝑘 + 1 layer 

network, 𝑙 represents the length of the eigenvector on the 

node, 𝜌(⋅) represents the nonlinear activation function. 

      𝛩 = {𝜃1(𝑘), … , 𝜃|𝐴|(𝑘)}𝑘 , 𝜃𝐴(𝑘) ∈ ℝ𝑑𝑘∗𝑑𝑘+1      (9) 

 

represents the set of training parameters. The 

accumulation symbol indicates that the adjacency matrix B 

can adopt a variety of calculation methods and add them 

together. According to this formula, the update rule of the 

node feature can be obtained. 

As shown in Figure 2, due to the denseness of the edges 

in the graph, depth is simply interpreted as giving the 

model more expressive power. However, there are only 

two cases in this article. The first is that the weight of the 

connection between the node and itself is 1. The second is 

that the weight of the connection with other nodes is �̃�𝑖,𝑗(𝑘)
. 

In the training process, it is also necessary to change the 

weight of each layer of the network. The input 𝑉(𝑘) and 

the output of the Gc block are cascaded to generate the 

lower-level network input 𝑉(𝑘+1).  

Figure 2. The typical structure of the GNN 

 

The feature of initial point is defined as: 

             𝑥𝑖(0) = (𝜙(𝑥𝑖), ℎ(𝑙𝑖))             (10) 

 

Where 𝜙(⋅) is a Convolutional neural network, ℎ(⋅) 

represents the translation of the tag into a one-hot vector. 

The final loss function is:      𝑚ⅈ𝑛 1𝐿 ∑ ℓ(𝛷(ℸ𝑖; 𝜃), 𝑌𝑖) + ℛ(𝜃)𝑖≤𝐿         (11) 



 

 

 

Where ℸ𝑖 is the i-th time of the task, the targets 𝑌𝑖 are 

associated with image categories of designated images 𝑥𝑖, . . . 𝑥𝑗 ∈ ℸⅈ with no observed label. {(ℸⅈ, 𝑌ⅈ)ⅈ}ⅈ≤𝐿 is a 

training set. 

 

    ℓ(𝛷(ℸ; 𝜃), 𝑌) = − ∑ 𝑦𝑘𝑙𝑜𝑔𝑃(𝑌∗ = 𝑦𝑘|ℸ)    (12) 

 
Where 𝛷(ℸ; 𝜃) = 𝑃（𝑌|ℸ） , the predicted label is 

obtained through Maximum likelihood estimation. 

The combination of graph neural network and one-shot 

learning in meta-learning can be applied to fault diagnosis 

of rotating machinery. The details are illustrated in Figure 

3 and summarized below. 

Figure 3. The working flowchart of the proposed 

method 

 

Step 1. Collect signals from industrial robot acceleration 

sensors and public dataset CWRU under health and failure 

conditions, reflecting the actual situation from multiple 

dimensions. 

Step 2. The fault state signal of one-dimensional rotating 

machinery is transformed into two-dimensional picture by 

short-time Fourier transform. 

Step 3. Use CNN to extract feature vectors. 

Step 4. Input the feature vector into the graph neural 

network and apply the graph neural network to the learning 

of a few samples. 

Step 5. Obtain the predicted results for fault diagnosis 

and classification.  

 

3 Experiments 

 

3.1 Datasets 

In order to verify the effectiveness of this method, 

experiments with different rotation devices were carried 

out in this paper. The first one is the RV reducer of 

industrial robots, the other one is the benchmark rolling 

bearing dataset made by Case Western Reserve University 

(CWRU).  

For RV reducer, the BRTIRUS1510A 6-DOF industrial 

robot of Guangdong Bronte Intelligent Equipment 

Incorporated Company is chosen. This robot equips with 

six joints, six servo motors and six reducers. All the 

experiments were carried out on J1 axis reducer, which is 

one of the most important and frequently used components. 

Under different fault conditions, the data were collected by 

using PCB acceleration sensor. In the experiment, the 

sampling frequency was set to 100 Hz. To be more 

accurate, robot movement conditions were set with 

different speeds under 3 different loads, i.e., 0 kg, 4.8 kg 

and 9.6kg loads with 600 r/min, 1500 r/min and 2400 r/min 

speed, respectively. Under predefined conditions (one 

normal, four faults), the same trajectory was used to 

control the motion of the robot. In this way, experimental 

datasets with healthy and different faulty modes were 

established. The faulty modes used in this article include 

the following five types: (1) full health medium speed 

intermediate load (4.8kg), (2) Moderate pitting and 

medium speed intermediate load of sun gear A (4.8kg), (3) 

Medium speed intermediate load of sun gear A full broken 

teeth (4.8kg), (4) Medium speed intermediate load of 

planetary gear A WEDM groove (4.8kg), (5) Medium 

speed intermediate load of planetary gear A with broken 

teeth (4.8kg). Each type of industrial robot generated an 

image with 20000 data points and collected 1000 images, a 

total of 1000*5 images. 7000 pictures were used as train 

data, 1500 pictures were used as validation data. The rest 

1500 pictures were used as test data. 

Figure 4. The experimental setup of industrial robot 

 

For the other experiments, motor bearing fault data 

signals of CWRU were selected. The CWRU dataset was 
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obtained using accelerometers to collect vibration data 

from a test-rig consists of a 2-HP motor, a torque 

transducer and a dynamometer. Two sampling frequencies 

(12 kHz and 48 kHz) were set in the experiments to collect 

data from four types of condition patterns, i.e., (1) Normal 

Baseline Data; (2) 12k Drive End Bearing Fault Data; (3) 

48k Drive End Bearing Fault Data; (4) 12k Fan End 

Bearing Fault Data; In addition, since ORF is stationary 

fault, different fault placements located at 3 o’clock 
(ORF-3), 6 o’clock (ORF-6) and 12 o’clock (ORF-12) 

were also considered. Four fault diameters (i.e., 0.007 

inches, 0.014 inches, 0.021 inches and 0.028 inches) were 

pre-planted for IRF, RBF, ORF-3, ORF-6 and ORF-12, 

separately. In total, data were acquired from 80 condition 

categories by combining different sampling frequencies, 

condition patterns, fault diameters and motor speeds. We 

randomly selected 55 classes to form the train dataset, 

where each class has 300 samples. The remaining classes 

were randomly divided into a validation dataset (10 classes) 

and a test dataset (15 classes). Each type of motor bearing 

data generated a picture with 480 data points and collected 

300 images for a total of 300*80 pictures.  

 

 

Figure 5 The experimental setup of bearing (CWRU) 

 

3.2 Workflow 

In this paper, the one-dimensional signals of rotating 

machinery are transformed into two-dimensional pictures 

by STFT. After STFT processing, the time domain diagram 

is changed into the frequency domain diagram As shown in 

Fig 6, corresponding to the discrete scene, it is a 

two-dimensional matrix 𝑆[𝜔, ℶ]. Each column represents 

the sequence of the result after the Fourier transform of the 

obtained segment by windowing the signal at different 

positions. After the FFT of the first segment is completed, 

the window function will be moved to ℶ1. The distance of 

the window moves is called hop size. Generally, the 

moving distance is smaller than the width of the window to 

ensure a certain overlap between the two near windows, 

which is called overlap. Spectrum results for all segments 

from ℶ0 ∼ ℶ𝑁  were obtained by repeating the above 

operation, sliding window, FFT, which is the result of 

STFT transformation. The one-dimensional data can be 

converted into the picture form of the two-dimensional 

data by the above method. All raw data was converted into 

image data as shown in Section 2.1. Image data was 

divided into two parts. Output data was formed by stacking 

information such as image, label, one-hot corresponding to 

label and its class in the dataset. 

 

Figure 6 Data process by short-time Fourier transform 

Feature vectors are extracted by CNN. The 

convolutional layer and the pooling layer can extract image 

features and determine the parameters of the convolutional 

kernel through back propagation to obtain the final features. 

Through the initial value setting of CNN, each image was 

finally processed into a 64-dimensional feature vector. The 

image was fed into the neural network using the method in 

Section 2.2, with Leakyrelu as the activation function and 

the cross-entropy loss function as the loss measure, using 

the Adam optimizer with an initial learning rate of 0.001. 

The feature vector is input into GNN and applied to the 

one-time sample learning of GNN. In the experiment, 

N-way K-shot was used as the evaluation index. The model 

was evaluated by performing 1-shot, 5-way experiments on 

the dataset. For each one-shot task, we sampled 5 classes 

from the dataset and 1 random sample from each class. An 

additional sample was selected from the five categories for 

classification. The classification accuracy was obtained by 

performing 5-way 1-shot and 5-way 5-shot to verify the 

superiority of the proposed algorithm. Finally, the 

prediction results are obtained for classification of fault 

diagnosis of rotating machinery.  

 

4 Results and discussion 

 

In experiment 1, 5000 samples were collected for all 

categories. To illustrate, the signal corresponding to the 



 

 

health status of the industrial robot was plotted in Figure 7 

 
(a)                (b) 

 

(c) 

 

(d)              (e) 

Figure 7 Signals acquired from RV reducer of industrial robot. (a) 

Healthy state; (b) Pitting in Sun gear A; (c) Broken tooth in Sun 

gear A; (d) cutting groove in Planetary gear A and (E) Cracking in 

Planetary gear A 

5-way 1-shot, 2-shot, 3-shot, 4-shot and 5-shot were 

performed on industrial robot datasets in Figure 8. Since 

each category of 5-way 5-shot has five more data samples 

than 5-way 1-shot, the accuracy of 5-way 5-shot (Accuracy 

of 96.89%) is higher than that of 5-way 1-shot (Accuracy 

of 96.56%).  

 

Figure 8 Classification accuracy for RV reducer of industrial 

robot 

A total of 24,000 samples of CWRU datasets were 

collected from Experiment 2. 

 
(a)                (b) 

 

(c) 

 

(d)                (e) 

 

Figure 9 Signals acquired from bearings of CWRU: (a) Healthy 

state; (b) Drive end bearing fault data of inner race; (c) Drive end 

bearing fault data of ball; (d) Fan end bearing fault data of inner 

race and (E) Fan end bearing fault data of ball 

  5-way 1-shot, 2-shot, 3-shot, 4-shot and 5-shot were 
performed on CWRU datasets in Figure 8.The accuracy of 
5-way 5-shot (Accuracy of 97.89%) is higher than that of 
5-way 1-shot (Accuracy of 95.42%) 

 

Figure 10 Classification accuracy for bearing of CWRU 

 

For few-shot fault diagnosis problems, the number of 

shots (i.e. the value of K) diametrically reflects the 
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intricacy of the problem structure. In fact, the smaller the 

value of K, the harder the learning task is [33]. The 

accuracy of 1-shot and 5-shot classification tasks has been 

significantly improved. Because the model can learn more 

representative features from more labeled samples for 

classification. At the same time, it also proves that the 

algorithm enhances the measurement relationship between 

node edges by optimizing the correlation between graph 

nodes and samples. It can obtain excellent classification 

accuracy by using label propagation to predict the 

unknown sample tags. 

For comparisons, different approaches were used for 

fault conditions with the same dataset, which are Siamese 

Net, Matching Net, SAE+RF [34, 36]. Among them, 

Siamese Net is recognized as a simple and effective 

method, which is widely used in computer science, finance, 

medicine and other fields. Matching Network can combine 

the attention structure and the memory network to build a 

fast-learning network. SAE is an unsupervised learning 

algorithm, which has fewer parameters and is not easy to 

cause over fitting compared with traditional artificial 

neural network; RF is a very effective and competitive 

classification solution on overfitting problems. It can 

evaluate the importance of each feature in classification 

problems. Therefore, Siamese Net, Matching Net and SAE 

+ RF were used for comparison. 

Table 1 shows the comparison of the different models. 

Obviously, GNN had the highest classification rate each 

time (96.43% on average). The accuracy of Siamese Net is 

81.54%.  

The accuracy of SAE+RF t is 83.39%. The performance 

of Matching Net is the worst, only 81.36% in average. It 

indicates that GNN is the best classification method for 

industrial robot fault diagnosis. 

As shown in Table 2, Similarly, Siamese Net, Matching 

Net, SAE+RF and GNN are also applied to CWRU dataset. 

The absolute advantage of GNN can also be found.

 

 

Table 1 The classification results of different method with industrial robot dataset 

Model 

Accuracy of each test (%) 

Mean (%) 

1 2 3 4 5 

Siamese Net 

Matching Net 

SAE+RF 

GNN 

80.20 

82.30 

83.57 

96.56 

83.25 

79.20 

86.21 

96.63 

81.20 

83.30 

81.54 

96.26 

82.05 

81.70 

82.76 

95.91 

81.00 

80.30 

83.36 

96.81 

81.54 

81.36 

83.49 

96.43 

 

Table 2. The classification results of different method with CWRU dataset 

Model 

Accuracy of each test (%) 

Mean (%) 

1 2 3 4 5 

Siamese Net 

Matching Net 

SAE+RF 

GNN 

86.40 

85.00 

81.23 

95.42 

87.80 

84.73 

80.22 

95.39 

89.20 

83.51 

82.25 

96.29 

87.20 

87.12 

82.13 

96.27 

88.00 

86.35 

80.53 

96.54 

87.72 

85.34 

81.27 

95.98 

 

  



 

 

For better validation, a Box plot is applied for 

comparisons. It is a statistical plot used to show the 

dispersion of a set of data, which can reflect the difference 

in accuracy. The more concentrated the Box plot, the 

smaller the difference in accuracy. In this paper, a Box plot 

can be used to reflect the distribution characteristics of the 

original data of rotating machinery failure and compare the 

distribution characteristics of multiple groups of data. As it 

can be seen in Figure 11, the distribution of GNN algorithm 

is the densest, followed by the SAE+RF distribution. The 

distribution results of Siamese Net and Matching are much 

worse than the other two. GNN is better than that of 

SAE+RF, Matching Net and Siamese Net in the density or 

fault accuracy of the three.  

 

Figure 11 Box-plot of fault diagnosis results by different 

algorithms of industrial robot dataset 

 

As shown in Figure 12, the distribution of GNN 

algorithm is the densest. So GNN is the best choice among 

the four. 

 

Figure 12 Box-plot of fault diagnosis results by different 

algorithms of CWRU dataset 

 

GNN is the learning of graphs, which is different from 

the learning of data itself. It is the learning of graph 

structure expressed by datasets. The concept of GNN is 

more indirect, more complex and difficult to understand 

than ordinary machine learning. 

 

5 Conclusions and future works 

 

A classification method for fault diagnosis of rotating 

machinery is proposed in this paper. By acquiring 

acceleration signals and motor bearing signals, the 

short-time Fourier transform (STFT) is used to generate 

two-dimensional images. The feature vectors are extracted 

through the convolution neural network (CNN), which are 

input to the GNN network using the Adjacency Matrix 

between vertices in its graph for classification and 

inference. Experiments were carried out to verify the 

efficiency of the proposed method. Siamese Net, Matching 

Net and SAE+RF are chosen as the comparisons, the results 

indicate the proposed method out-performs all the selected 

methods. The overall accuracy of the proposed method can 

reach to 95.98%. 

In this paper, only the rotating machinery is chosen as 

the researching object for the proposed method. The fault 

diagnosis efficiency of this method for other mechanical 

devices with small sample still need to be verified. 

Therefore, transfer learning will be applied to the proposed 

method in our future research. Through transfer learning, 

the proposed GNN fault diagnosis model for rotating 

machinery can be applied to other mechanical devices 

directly. 
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